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1 CAVGA is insensitive to anomaly localization threshold

Most baseline methods discussed in Sec. 4 (in the main paper) use anomalous
training images to compute a threshold for localizing anomalies in images. How-
ever, as discussed in Sec. 3.1 (in the main paper), we empirically set 0.5 as our
threshold for anomaly localization. To show that CAVGA-R,, is insensitive to
the variations in threshold values we choose 0.2 through 0.6 as our threshold
on attention map. We compare the localization performance of CAVGA-R,, for
different threshold values to the best performing baseline method (v-VAEg) on
the MvTAD dataset. We use the cell color in the quantitative result tables to
denote the performance ranking in that row, where darker cell color means better
performance. From Table 1, we observe that CAVGA-R,, is insensitive to the
variations in threshold and that CAVGA-R, outperforms v-VAE, in at least 9
out of 15 categories.

Table 1: Comparison of anomaly localization in IoU of CAVGA-R,, for different
threshold values with the best baseline method (7-VAE,) on the MVTAD dataset

Method v-VAE; CAVGA-R, CAVGA-R, CAVGA-R, CAVGA-R, CAVGA-R,

Threshold 0.2 0.3 0.4 0.5 0.6
Bottle 0.27 0.28
Hazelnut 0.41 0.45
Capsule 0.24 0.24

Metal Nut 0.22
Leather 0.41
Pill
Wood
Carpet
Tile
Grid
Cable
Transistor
Toothbrush
Screw
Zipper

mean | 039
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014
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2 Implementation details

All the images of the MVTAD, mSTC and LAG datasets are randomly center
cropped to 256 x 256 and randomly rotated between [—15°,+15°] to create
variations in data during training. We train CAVGA, and CAVGA,, with a
learning rate of le=* with a batch size of 16 for 150 epochs. To stabilize the
training, the learning rate is decayed by 0.1 for every 30 epochs. For the MNIST,
CIFAR-10 and Fashion-MNIST datasets, we use the images of size 32 x 32 and
follow the same data augmentation and training procedure as mentioned in Sec.
4 (in main paper).

3 Additional quantitative results

We use the cell color in the quantitative result tables to denote the performance
ranking in that row, where darker cell color means better performance.

AuROC of -VAE on the MNIST and CIFAR-10 datasets: We com-
pare CAVGA-D,, with the baseline methods in Table 7 (in main paper) along
with S-VAE [6] as an additional baseline in terms of AuROC on MNIST and
CIFAR-10 datasets for anomaly detection. From Table 2, we see that CAVGA-D,,
outperforms S-VAE on all classes on MNIST and 9 out of 10 classes on CIFAR-
10 datasets. Since [5] does not provide the class wise performance of MemAE
on MNIST and CIFAR-10 and only provide the mean AuROC, we compared
CAVGA-D, with MemAE in terms of mean AuROC and reported the result in
Sec. 5 (in main paper under “performance on anomaly detection”).

IoU for all baseline methods on MVTAD dataset: We compare CAVGA,,
and CAVGA,, with the baseline methods in Table 3 (in main paper) along with
CNNFD [11], TT [3] and VM [14] as additional baselines in terms of IoU on each
category of the MVTAD dataset for anomaly localization. From Table 3, we see
that CAVGA-D, and CAVGA-R,, outperform all baselines including CNNFD,
TT and VM in terms of IoU and mean IoU.

Category specific AuROC on the MVTAD dataset: We compare
CAVGA, and CAVGA, with the baseline methods in terms of AuROC on
each category of the MVTAD dataset. Table 4 shows that CAVGA-D, and
CAVGA-R,, achieve comparable performance with the baseline methods AEssim,
~v-VAE, and ADVAE. Furthermore, CAVGA-D, and CAVGA-R,, outperform the
best performing baseline (AEssny) in 11 out of 15 and 13 out of 15 categories
with an improvement ranging from 1% to 6% and 1% to 21% respectively.

Table 2: Performance comparison of CAVGA-D,, and 8-VAE in terms of AuROC
and mean AuROC on MNIST and CIFAR-10 datasets for anomaly detection
Dataset Method 0 1 2 3 4 5 6 7 8 9  mean

MNIST [8] B-VAE [6] 0.890 0.841 0.967 0.947 0.968 0.966 0.907 0.899 0.946 0.794 0.913
CAVGA-D, 0.994 0.997 0.989 0.983 0.977 0.968 0.988 0.986 0.988 0.991 0.986

CIFAR-10 [7] B-VAE [6] 0.368 0.746 0.397 0.604 0.387 0.611 0.500 0.614 0.399 0.698 0.532
CAVGA-D, 0.653 0.784 0.761 0.747 0.775 0.552 0.813 0.745 0.801 0.730 0.736
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Table 3: Performance comparison of anomaly localization in category specific

(IoU) on the MVTAD dataset. The darker cell color indicates

better performance ranking in each row
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Category AVID AEssiu AEL2 AnoGAN 4-VAE; LSA ADVAE CNNDF TI VM CAVGA CAVGA CAVGA CAVGA

n2 @2 @ 3 W [ [0 (11 [§ 4 -D. -R. D, -R,
Bottle 0.15 0.05 0.07
Hazelnut 0.00 0.02 0.00

Capsule 0.09

Metal Nut = 0.05 0.01

Leather 0.32 0.34

0.00
0.13

0.04
0.00
0.34

Pill 0.11 0.07
Wood 0.14
Carpet | 0.25
Tile 0.09
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Cable
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Screw
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ToU
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Table 4: Comparison of anomaly localization in AuROC and mean AuROC of
CAVGA, and CAVGA,, with state-of-the-art approaches on the MVTAD dataset
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Scene specific AuROC on the mSTC dataset: We compare CAVGA,,
and CAVGA,, with the baseline methods in terms of AuROC on each scene of
the mSTC dataset. From Table 5, we observe that CAVGA-D,, and CAVGA-R,,
outperform the best performing baseline method (y-VAE,) in 8 out of 12 scenes
with an improvement ranging from 1% to 30%. Furthermore, CAVGA-D,, and
CAVGA-R,, also outperform the baseline methods in all scenes of the mSTC
dataset.

Table 5: Comparison of AuROC for anomaly localization on the mSTC dataset
for each scene ID and their mean

s; 7-VAE, AVID LSA AEsgiv AEr; CAVGA CAVGA CAVGA CAVGA
4 2l [ 2 2] -Du R Dy Ry

01 0.65 0.63 0.69 0.71 0.81
02 0.68 0.71 0.90

03 = 0.81 0.79 0.88
04 @ 0.76 0.63 0.95 0.95
05 | 0.88 0.77 0.92 0.92
06 0.71 0.85 .92 0.92
07  0.87 0.83 . 0.93 0.93

08

09 0.91
10 0.63

11 0.69 0.85 0.93

12 085 0.87 0.88

mean (10820 077 081 076 0.74 [0S NIOSS NSO

AuROC on the Fashion-MNIST dataset: Table 6 shows that CAVGA-
D,, outperforms the most competitive baseline (7-VAE,) in AuROC in the
unsupervised setting on the Fashion-MNIST dataset [15]. Specifically, CAVGA-
D, outperforms 7-VAE, in 8 out of 10 classes of the Fashion-MNIST dataset
with an improvement ranging from 2% to 24%.

Table 6: Comparison of CAVGA-D,, for anomaly detection in terms of AuROC
and its mean with the state-of-the-art methods on the Fashion-MNIST dataset

0.947

0.945
0.991

mean| 0.873 [NOSTENN  0.765 0.679 0.683 0-555
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Complexity analysis: We compare CAVGA,, with the baseline methods
in terms of training and testing time (in hours) for anomaly localization and
detection. From Table 7, we see that CAVGA is practically reasonable to train
and test on a single NVIDIA GeForce GTX 1080Ti GPU having comparable
training and testing time with the baseline methods.

Table 7: Training/testing time (in hours) needed on the entire training/testing
set of MVTAD for anomaly localization and detection

method AnoGAN AVID AEssmv AEL2 LSA OCGAN ULSLM CAVGA-D CAVGA-R

training 2.5 3.0 2.0 2.0 4.0 1.5 2.0 3.0 7.0
testing 0.2 0.3 0.1 0.1 03 0.1 0.1 0.4 0.6

Ablation study: As mentioned in Sec. 6 (in main paper), we perform the
ablation studies on 15 categories of the MVTAD dataset. Table 8 shows the
ablation for all 15 categories, which illustrates the effectiveness of the convolutional
z in CAVGA, Lg. in the unsupervised setting, and L4, in the weakly supervised
setting.

Table 8: The ablation study showing anomaly localization in IoU on all 15
categories of the MVTAD dataset. CAVGA-R; and CAVGA-R}, are our base
architecture with a flattened z in the unsupervised and weakly supervised settings
respectively. “conv z” means using convolutional z

Method CAVGA CAVGA CAVGA CAVGA CAVGA CAVGA CAVGA CAVGA

-R;, -RJ -Ruy -R. -R2, -R, -Ry -Ruy
+ Lge + conv z + conv z + Lcga + conv z + conv z
Category + Lge + Lega

Column ID c1 Ca cs3 C4 Cs C6 cr cs
Bottle 0.24 0.16
Hazelnut 0.16 0.51
Capsule 0.09 0.18
Metal Nut  0.28 0.25
Leather 0.55 0.72
Pill 0.24 0.24
Wood 0.25 0.51
Carpet 0.48 0.69
Tile 0.07 0.66
Grid 0.15 0.31
Cable 0.30 0.47
Transistor  0.17 0.33
Toothbrush  0.41 0.54
Screw 0.11 0.16
Zipper 0.07 0.19

mean

033

226
227

260
261
262
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264
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266
267
268
269
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4 Architectural details

Table 9: Architectural details of CAVGA-R,, and CAVGA-R,,. The notation in

each row is as follows: operation, filter h x filter w, number of filters, stride, pad.

W.S. denotes the additional layers for the weakly supervised setting. Conv'Ir 2D
denotes transpose convolution layer, Conv 2D denotes convolution layer

network layer name layer dimensions output dimensions
Layer 1 - 18 pretrained Resnet-18 (convolution only) 8 x 8 x 512
Layer 19 ReLU 8 X 8 x 512
Layer 20 Conv 2D, 1 x 1, 512, 1,0 8 x 8 x 512
Encoder Layer 21 Conv 2D, 1 x 1, 512, 1,0 8 X 8 x 512
W.S.: Layer 22 Flatten 32768
W.S.: Layer 23 Linear 2
W.S.: Layer 24 Softmax 2
Layer 1 ConvTr 2D, 4 x 4, 512, 2, 1 16 x 16 x 512
Layer 2 BatchNorm 16 x 16 x 512
Layer 3 ReLU 16 x 16 x 512
Layer 4 Conv 2D 3 x 3,512, 1,1 16 x 16 x 512
Layer 5 BatchNorm 16 x 16 x 512
Layer 6 ReLU 16 x 16 x 512
- output layer 1 + output layer 6 16 x 16 x 512
Layer 7 ConvTr 2D, 4 x 4, 256, 2, 1 32 x 32 x 256
Layer 8 BatchNorm 32 x 32 x 256
Layer 9 ReLU 32 x 32 X 256
Layer 10 Conv 2D 3 x 3, 256, 1, 1 32 x 32 x 256
Layer 11 BatchNorm 32 x 32 x 256
Layer 12 ReLU 32 x 32 x 256
- output layer 7 4 output layer 12 32 x 32 X 256
Decoder Layer 13 ConvTr 2D, 4 x 4, 128, 2, 1 64 x 64 x 128
Layer 14 BatchNorm 64 x 64 x 128
Layer 15 ReLU 64 x 64 x 128
Layer 16 Conv 2D 3 x 3,128, 1,1 64 x 64 x 128
Layer 17 BatchNorm 64 x 64 x 128
Layer 18 ReLU 64 x 64 x 128
- output layer 13 + output layer 18 64 x 64 x 128
Layer 19 ConvTr 2D, 4 x 4, 64, 2, 1 128 x 128 x 64
Layer 20 BatchNorm 128 x 128 x 64
Layer 21 ReLU 128 x 128 x 64
Layer 22 Conv 2D 3 x 3,64, 1, 1 128 x 128 x 64
Layer 23 BatchNorm 128 x 128 x 64
Layer 24 ReLU 128 x 128 x 64
- output layer 19 + output layer 24 128 x 128 x 64
Layer 25 ConvTr 2D, 4 x 4, 3,2, 1 256 x 256 x 3
Layer 26 Sigmoid 256 x 256 x 3
Layer 1 Conv2D, 4 x 4, 64, 2, 1 128 x 128 x 64
Layer 2 Leaky ReLU (0.2) 128 x 128 x 64
Layer 3 Conv2D, 4 x 4, 128, 2, 1 64 x 64 x 128
Layer 4 BatchNorm 64 x 64 x 128
Layer 5 Leaky ReLU (0.2) 64 x 64 x 128
Layer 6 Conv2D, 4 x 4, 256, 2, 1 32 X 32 x 256
Discriminator Layer 7 BatchNorm 32 X 32 x 256
Layer 8 Leaky ReLU (0.2) 32 x 32 x 256
Layer 9 Conv2D, 4 x 4, 512, 2,1 16 x 16 x 512
Layer 10 BatchNorm 16 x 16 x 512
Layer 11 Leaky ReLU (0.2) 16 x 16 x 512
Layer 12 Conv2D, 4 x 4, 512, 2,1 8 X 8 x 512
Layer 13 Sigmoid 8 x 8 x 512
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Table 10: Architectural details of CAVGA-D,, and CAVGA-D,,. The notation in
each row is as follows: operation, filter h x filter w, number of filters, stride, pad.
W.S. denotes the additional layers for the weakly supervised setting. ConvTr 2D
denotes transpose convolution layer, Conv 2D denotes convolution layer

network layer name layer dimensions output dimensions
Layer 1 Conv2D, 4 x 4, 64, 2, 1 128 x 128 x 64
Layer 2 Leaky ReLU (0.2) 128 x 128 x 64
Layer 3 Conv2D, 4 x 4, 128,2,1 64 x 64 x 128
Layer 4 BatchNorm 64 x 64 x 128
Layer 5 Leaky ReLU (0.2) 64 x 64 x 128
Layer 6 Conv2D, 4 x 4, 256, 2, 1 32 X 32 x 256
Encoder Layer 7 BatchNorm 32 x 32 x 256
Layer 8 Leaky ReLU (0.2) 32 x 32 x 256
Layer 9 Conv2D, 4 x 4, 512,°2, 1 16 x 16 x 512
Layer 10 BatchNorm 16 x 16 x 512
Layer 11 Leaky ReLU (0.2) 16 x 16 x 512
Layer 12 Conv2D, 4 x 4, 512, 2, 1 8 X 8 X 512
Layer 13 BatchNorm 8 x 8 x 512
Layer 14 ReLU 8 X 8 x 512
W.S.: Layer 15 Flatten 32768
W.S.: Layer 16 Linear 2
W.S.: Layer 17 Softmax 2
Layer 1 ConvTr 2D, 4 x 4,512, 2,1 16 x 16 x 512
Layer 2 BatchNorm 16 x 16 x 512
Layer 3 ReLLU 16 x 16 x 512
Layer 4 ConvTr 2D, 4 x 4, 512,2,1 32 x 32 x 512
Layer 5 BatchNorm 32 x 32 x 512
Layer 6 ReLU 32 x 32 x 512
Layer 7 ConvTr 2D, 4 x 4, 256, 2,1 64 x 64 x 256
Layer 8 BatchNorm 64 x 64 x 256
Layer 9 ReLU 64 x 64 x 256
Decoder Layer 10 ConvTr 2D, 4 x 4, 128, 2,1 128 x 128 x 128
Layer 11 BatchNorm 128 x 128 x 128
Layer 12 ReLU 128 x 128 x 128
Layer 13 ConvTr 2D, 4 x 4, 64,2, 1 256 X 256 X 64
Layer 14 BatchNorm 256 X 256 x 64
Layer 15 ReLU 256 X 256 x 64
Layer 16 ConvIr 2D, 1 x 1,3,1,0 256 x 256 x 3
Layer 17 Sigmoid 256 X 256 x 3
Layer 1 Conv2D, 4 x 4, 64, 2, 1 128 x 128 x 64
Layer 2 Leaky ReLU (0.2) 128 x 128 x 64
Layer 3 Conv2D, 4 x 4,128, 2,1 64 x 64 x 128
Layer 4 BatchNorm 64 x 64 x 128
Layer 5 Leaky ReLU (0.2) 64 x 64 x 128
Layer 6 Conv2D, 4 x 4, 256, 2, 1 32 x 32 x 256
Discriminator Layer 7 BatchNorm 32 x 32 x 256
Layer 8 Leaky ReLU (0.2) 32 x 32 x 256
Layer 9 Conv2D, 4 x 4, 512,°2, 1 16 x 16 x 512
Layer 10 BatchNorm 16 x 16 x 512
Layer 11 Leaky ReLU (0.2) 16 x 16 x 512
Layer 12 Conv2D, 4 x 4, 512, 2, 1 8 X 8 x 512
Layer 13 Sigmoid 8 X 8 X 512
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5 Qualitative results on MVTAD, mSTC and LAG
datasets

We compare CAVGA-R,, and CAVGA-R,, with the baseline methods on MVTAD
and mSTC datasets and present additional anomaly localization results on the
MVTAD, mSTC and LAG datasets. Fig. 1 illustrates the ability of CAVGA-D,,
to localize the anomalous regions on the LAG dataset. From Fig. 2, Fig. 3, Fig. 4
and Fig. 5, we see that CAVGA-R, and CAVGA-R,, outperform the baselines in
localizing the anomaly and that CAVGA-R,, has better localization performance
than CAVGA-R, on the MVTAD dataset. From Fig. 6 and Fig. 7 we see that
CAVGA-R, and CAVGA-R,, have better anomaly localization as compared to
the baseline methods and that CAVGA-R,, surpasses CAVGA-R,, in its ability
to localize the anomaly on the mSTC dataset.
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Input Ground Input Ground
Image truth

CAVGA-D, CAVGA-D,

Image truth

loUu=1.0 loU = 0.63 loU=1.0 loU = 0.71

loU=1.0 loU = 0.94 loU=1.0 loU = 0.83

loU=1.0 loU =0.98 loU=1.0 loU = 0.96

1 9

lou=1.0 loU = 0.92 loU=1.0 loU =0.87

loU=1.0 loU =0.88 loU=1.0 loU =0.79

Fig. 1: Qualitative results for anomaly localization of CAVGA-D, on the LAG
dataset. The anomalous attention map depicts the localization of the anomaly in
the image.
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Input Ground
,mgge Tuth AEssiy AE»  LSA  7-VAE, CAVGA-R, CAVGA-R,,

T/ 77777

loU=1.0 loU=0.16 loU=0.15 IoU=0.32 loU=0.36 loU=0.45 IloU=0.57

TR T T3

loU=1.0 IloU=0.13 loU=0.06 loU=0.24 loU=0.29 IloU=0.33 IloU=0.51

e Vabaldl 4

loU=1.0 IloU=0.04 loU=0.08 loU=0.27 loU=0.13 loU=0.31 loU=0.85

SNANAAAS

loU=1.0 loU=0.07 loU=0.05 loU=0.12 loU=0.31 loU=0.56 loU=0.62

/ [

loU=0.68 loU=0.79

loU=1.0 loU=0.08 loU=0.18 loU=0.38 loU=0.55 IloU=0.88 IloU=0.93

loU=1.0 loU=0.02 loU=0.10 loU=0.31 loU=0.0 IloU=0.44 IoU=0.68

O - DO

loU=1.0 loU=0.05 loU=0.06 loU=0.45 loU=0.43 loU=0.60 IloU=0.61

Fig.2: Qualitative comparison of anomaly localization of CAVGA-R, and
CAVGA-R,, with baseline methods on the MVTAD dataset. The anomalous
attention map (in red) depicts the localization of the anomaly in the image.
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Input  Ground
Image  truth ABssi AEL LSA Y-VAE,  CAVGA-R, CAVGA-R,

loU=1.0 loU=0.0 JoU=0.13 loU=0.63 loU=0.68 IoU=0.83 IloU=0.91

- - ;G G ;- G G
loU=10 1loU=0.15 loU=028 1IloU=0.0 1IloU=0.48 IloU=0.51 IloU=0.77

lou=10 IoU=023 1loU=0.0 IloU=0.12 loU=0.38 IloU=0.41 IloU=0.53

loU=1.0 loU=0.0 1IoU=0.16 loU=0.45 IloU=0.33 IloU=0.45 IoU=0.78

loU=10 1oU=023 loU=0.26 IloU=0.49 IloU=0.61 IloU=0.62 IloU=0.85

loU=10 1oU=0.13 IloU=0.16 IloU=0.43 IloU=0.59 loU=0.64 IoU=0.91

loU=10 1oU=0.31 loU=0.33 loU=043 IloU=048 IloU=0.78 IloU=0.89

loU=10 1IoU=021 loU=0.27 IloU=0.14 IloU=0.65 IloU=0.67 IloU=0.69

Fig.3: Qualitative comparison of anomaly localization of CAVGA-R, and
CAVGA-R,, with baseline methods on the MVTAD dataset. The anomalous
attention map (in red) depicts the localization of the anomaly in the image.
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Input  Ground
Image truth

AEssin AEL Y-VAE,  CAVGA-R, CAVGA-R,

loU=1.0 1oU=0.13 loU=0.09 IloU=028 IloU=0.55 1IoU=0.61 IloU=0.68
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loU=10 1IloU=0.19 IloU=0.21 IoU=0.33 IoU=0.27 1loU=0.34 IoU=0.67
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Fig.4: Qualitative comparison of anomaly localization of CAVGA-R, and
CAVGA-R,, with baseline methods on the MVTAD dataset. The anomalous
attention map (in red) depicts the localization of the anomaly in the image.
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CAVGA-R,
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Fig. 5: Qualitative comparison of anomaly localization of CAVGA-R, and
CAVGA-R,, with baseline methods on the MVTAD dataset. The anomalous
attention map (in red) depicts the localization of the anomaly in the image.
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Fig.6: Qualitative comparison of anomaly localization of CAVGA-R, and
CAVGA-R,, with baseline methods on the mSTC dataset. The anomalous atten-
tion map (in red) depicts the localization of the anomaly in the image.
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Fig.7: Qualitative comparison of anomaly localization of CAVGA-R, and
CAVGA-R,, with baseline methods on the mSTC dataset. The anomalous atten-
tion map (in red) depicts the localization of the anomaly in the image.
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